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ABSTRACT 
The goal of sensor resource management (SRM) is to allocate resources appropriately in order to gain as much 
information as possible about a system. We introduce a centralized non-myopic planning algorithm, C-SPLAN, that uses 
sparse sampling to estimate the value of resource assignments. Sparse sampling is related to Monte Carlo simulation. In 
the SRM problem we consider, our network of sensors observes a set of tracks; each sensor can be set to operate in one 
of several modes and/or viewing geometries. Each mode incurs a different cost and provides different information about 
the tracks. Each track has a kinematic state and is of a certain class; the sensors can observe either or both of these, 
depending on their mode of operation. The goal in this problem is to maximize the overall rate of information gain, i.e. 
rate of improvement in kinematic tracking and classification accuracy of all tracks in the Area of Interest. The rate is 
defined by several metrics with the cost of the sensor mode being the primary factor. We compare C-SPLAN’s 
performance on several tracking and target identification problems to that of other algorithms.  
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1. INTRODUCTION 
Sensor Resource Management (SRM) is “the control problem of allocating available sensor resources to obtain the best 
awareness of the situation.”3  SRM is important in terms of the benefits it provides over non-coordinated sensor 
operation. By automating the process, it reduces the operator workload. The operator defines the sensor tasking criteria 
instead of controlling multiple sensors individually by specifying each operation to be performed by each sensor. In an 
automated SRM system, the operator concentrates on the overall objective while the system works on the details of the 
sensor operations. Additionally, the feedback within the SRM system allows for faster adaptation to the changing 
environment. Problems that SRM has to deal with include insufficient sensor resources, highly dynamic environment, 
varied sensor capabilities/performance, failures and enemy interference, etc. Desired characteristics of a good sensor 
manager are that it should be goal oriented, adaptive, anticipatory, user friendly, require minimal interaction, account for 
sensor dissimilarities, perform in near real time, handle adaptive length planning horizons, etc.  
 
Use of information-theoretic measures such as entropy for sensor management has been around for many years now. 
Most of the literature is in the area of managing sensors to maximize kinematic information gain only1, 2. Some prior art 
exists in managing sensors for maximizing ID and search as well3-4. Long-term approaches have the potential to produce 
the best results, but the computation time required for even simple environments is enormous when compared to near-
term approaches. Several researchers have come up with solutions that provide approximate answers. An example is 
Krishnamurthy covering a technique involving a multi-arm bandit method that utilizes hidden Markov models. 
Krishnamurthy5, 6 employs two approaches which limit the number of states accessible to each track to a finite number. 
While these approximations improve computation time, they are still very intensive. Bertsekas and Castanon7 propose a 
method that uses heuristics to approximate a stochastic dynamic programming algorithm, while Malhotra8 suggests using 
reinforcement learning. 
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